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Available online 10 February 2015AbstractThis paper describes research undertaken by the authors to develop an integrated measurement and modeling methodology for water quality
management of estuaries. The approach developed utilizes modeling and measurement results in a synergistic manner. Modeling results were
initially used to inform the field campaign of appropriate sampling locations and times, and field data were used to develop accurate models.
Remote sensing techniques were used to capture data for both model development and model validation. Field surveys were undertaken to
provide model initial conditions through data assimilation and determine nutrient fluxes into the model domain. From field data, salinity re-
lationships were developed with various water quality parameters, and relationships between chlorophyll a concentrations, transparency, and
light attenuation were also developed. These relationships proved to be invaluable in model development, particularly in modeling the growth
and decay of chlorophyll a. Cork Harbour, an estuary that regularly experiences summer algal blooms due to anthropogenic sources of nutrients,
was used as a case study to develop the methodology. The integration of remote sensing, conventional fieldwork, and modeling is one of the
novel aspects of this research and the approach developed has widespread applicability.
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Brackish waters are commonly characterized by high pro-
ductivity due to frequent inputs of nutrients, notably nitrogen
and phosphorous, from both freshwater and marine sources
(Correll, 1978; Nixon, 1995). Significant settlement of par-
ticulate matter, sometimes rich in nutrients including organic
carbon, often occurs in estuaries. These nutrients promote the
growth of phytoplankton, and algal blooms may occur; high
productivity, combined with alternating salinity and tempera-
ture conditions, can result in fluctuating oxygen levels. TheseThis work was supported by the Irish Environmental Protection Agency
under the Environmental Monitoring, R&D Sub-Programme, Operational
Programme for Environmental Sciences (Grant No. EPA_97_0151).
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creativecommons.org/licenses/by-nc-nd/4.0/).disturbances and adverse environmental conditions often result
in estuaries being characterized by a low biodiversity.
It is difficult to model the complex interaction of water
quality processes in estuarine systems because of the large
number of variables that can be critical to the onset of polluted
conditions (Hines et al., 2012). These variables include (1)
nutrient inputs from rivers, oceans, sediments, outfalls, and the
atmosphere; (2) hydrodynamics of river flows, tidal dynamics,
wind direction, and velocity; (3) shape and bathymetry of the
estuary; (4) light available considering day-length, water
transparency, temperature, and depth; and (5) distribution,
composition, and abundance of natural fauna and flora. Water
quality management issues in estuaries are receiving increasing
regulatory attention from European Union (EU) directives (e.g.
Birds and Habitats directives), and other initiatives such as the
Oslo and Paris Commission (OSPAR). International research
programs, notably the EU ELOISE (Estuarine LandeOcean
Interactions Studies) and its global counterpart LOICZThis is an open access article under the CC BY-NC-ND license (http://
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modeling nutrient dynamics in coastal and estuarine waters. In
1996, a workshop organized by the Environmental Assessment
and Monitoring Committee (ASMO) of the OSPAR reviewed
the available models and modeling activities used to assess
eutrophication concerns in the North Sea and other Convention
waters (Oursel et al., 2014). The only estuarine model included
in the workshop was a one-dimensional (1-D) model called
EcoWin. The report on the findings of the workshop (Oursel
et al., 2014) lists a number of disadvantages associated with the
model. For example, the model represented one spatial
dimension; the model could only resolve parameters at a
temporal scale of days and months; tides were not adequately
resolved; and phytoplankton dynamics were not well repre-
sented. In the intervening period, models have been improved
considerably: two-dimensional models are now commonly
used and models tend to provide high temporal and spatial
resolutions. Also, considerable detail can now be included
regarding biochemical processes and interactions between
various water quality parameters.
The present research was undertaken in order to develop a
framework, using water quality modeling tools, for managing
estuarine water quality in response to general issues arising
pertaining to water quality management. Phytoplankton dy-
namic models require the inclusion of many parameters and
processes such as oxygen and nutrient cycles, dissolved and
particulate organic matter, sediment exchanges, algal species,
light attenuation, temperature, hydrodynamics, watereatmo-
sphere exchange processes, and respiration by fish,
zooplankton, and other invertebrates (Allen et al., 1980; Runca
et al., 1996). The number of water quality variables that nu-
merical models require to fully describe the dynamics of algal
blooms is often in the order of 50e60 (Hipsey et al., 2007).
This poses severe constraints on computational requirements
when high spatial and temporal resolutions are required. When
large numbers of parameters are included in a model this also
poses difficulties for data collection. To develop a consistent
model, data should be provided for initial and boundary con-
ditions for each parameter, along with values for kinetic rates
and constants that govern physical and biochemical processes.Fig. 1. Schematic diagram oIf these data are not available then the model will not be fully
prescribed.
This research focuses on the integration of a conventional
field survey, remote sensing, and modeling, with one compo-
nent being used to inform the other. Early-stage scenario
modeling was undertaken to predict hydrodynamics and solute
transport pathways. Modeling results informed the fieldwork
program indicating the most appropriate locations for col-
lecting water quality samples. Aircraft remote sensing has
rarely been used to provide data for estuarine water quality
models; this is a highly novel component of this research.
Using specially developed sensors, water surface chlorophyll a
levels were remotely sensed and integrated into the project.
The remote sensing provided high-quality spatial data for
model intercomparisons; this type of data is rare, but it is
highly valuable for synoptic model validation. A further sig-
nificant integration of modeling and measurements was the
development of initial fields of water quality parameters; field
data provided relationships between salinity and individual
water quality parameters and model predictions of salinity
distributions throughout the harbor allowed specification of
initial fields of water quality parameters.
In the following sections water quality management issues
are discussed and a methodology is proposed for assessing
estuarine water quality using modeling and measurements.
The modeling aspects are described in Nash et al. (2010).
Details are presented here of the measurement aspects of the
methodology, which was applied to an Irish estuary. Finally,
conclusions are drawn from this research.
2. Methodology
In this research the number of variables included in the
phytoplankton model was kept to a relatively small number.
As can be seen from Fig. 1, the model was limited to the re-
lationships between phytoplankton and the nitrogen, phos-
phorous, and dissolved oxygen cycles. The arrows represent
processes which either increase or decrease the constituent
concentrations, and arrows to shaded blocks indicate settle-
ment to seabed. The philosophy underpinning the model is tof phytoplankton model.
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vide an accurate and efficient predictive methodology. In this
system, chlorophyll a (CHL) is modeled as a gross indicator of
phytoplankton activity in the water. Phosphorous and nitrogen
in both organic and inorganic forms are included; these are
generally considered essential nutrients in phytoplankton
models as one or the other is usually a limiting nutrient
(Harper, 1992; Howarth and Marino, 2006).
Previous water quality models of estuarine and coastal
systems have taken similar hydrographic and nutrient
modeling approaches to the one proposed here. However, the
approach adopted in this research concentrates on developing
a highly integrated measurement and modeling system. Spe-
cifically, the authors integrate numerical modeling with field
measurements, remote sensing, and data analyzed within
geographic information systems (GIS). Through field mea-
surements and remote sensing, an extensive data set for an
estuary and its catchment may be developed. From these data
and their analysis, site-specific relationships can be developed
between salinity and key water quality parameters and kinetic
coefficients used in the numerical model. The postulation of
these relationships is fundamental to the success of the
research and is a key linkage between fieldwork and modeling.
Fig. 2 presents a schematic diagram of the methodology
proposed to develop an algal bloom predictive system. The
figure shows the interdisciplinary nature of the project and
how the interdisciplinary activities are integrated. All data
pertaining to a hydrodynamic model, such as bathymetry, tidal
data, and freshwater flows, are integrated in a GIS system andFig. 2. Schematic diagram of integrated metransferred into a hydrodynamic model via a specially devel-
oped interface. The hydrodynamic model is then used to
simulate water circulation patterns over complete spring-neap
tidal cycles; the model includes the effects of freshwater in-
flows, surface wind stress, and the Coriolis force. The model is
then used to perform a number of initial solute transport
simulations to determine travel paths of solutes throughout the
domain. The results from the solute transport simulations are
used to inform the field campaign of the most appropriate
sampling locations and times; this is a key integrating element
of the system. The field campaign consists of sampling water
quality parameters spatially and temporally throughout the
estuary. The results of the field campaign are input to the GIS
and are used in a number of ways: to validate the numerical
models; through data assimilation, to provide initial and
boundary conditions to develop the water quality models; and
to assist in overall trophic assessment of the estuary. Maps of
the catchments drained by the estuary are imported to the GIS
and, based on catchment characteristics, discharge rates and
fluxes of water quality parameters determined. Point sources
from domestic and industrial discharges are defined in the
GIS. Aircraft remote sensing of surface water CHL is carried
out and ground-truthed against field data. The water quality
model is now developed and validated against the field data
and remote sensing data as appropriate. Finally, all data and
model outputs are analyzed through the GIS and trophic status
assessment is made. Details of the hydrodynamic and solute
transport model can be obtained from Falconer and Lin
(2003).asurement and modeling methodology.
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component of any marine water quality assessment. However,
field campaigns are also heavily influenced by the needs of the
water models; data are required to provide boundary and
initial conditions and to parameterize various processes, such
as the effects of light on CHL production. Sampling typically
extends from the freshwater rivers entering an estuary
throughout the estuary proper and into the fully saline adjacent
sea. During the field campaign, in situ measurements are made
of tidal dynamics, water depths, current regime, temperature,
nutrients, oxygen, CHL, salinity, and transparency. Sampling
should be undertaken in autumn, winter, spring, and summer
so that the data provide a comprehensive overview of seasonal
variation in water quality parameters. Within this regime,
samples should be collected during both spring and neap tides
and at high and low waters to include affects of tidal dy-
namics. As mentioned above, the particular locations and
times of sampling are informed by initial runs of the hydro-
dynamic and water quality models. A typical field campaign is
outlined in the case study below. Sampling regimes change
from site to site depending on local conditions and issues.2.2. Remote sensingTable 1
Remote sensing capabilities available to this project.
Feature/indicators Capability
Dye plumes Delineation from airborne/satellite imagery
Shoreline/land use Delineation from airborne/satellite imagery
Transparency 0.3e8.7 m Secchi depth from hyperspectral
airborne data
CHL 4e100 mg/L from hyperspectral airborne dataDuring the course of the research, two aspects of remote
sensing were utilized to analyze the estuarine environment. The
geometric aspect refers to the ability of remote sensing imaging
systems to picture effects on, or near, the sea surface in such a
way that they can be mapped and hence used to identify the
position of various fronts and features. The radiometric aspect of
remote sensing refers to the ability to quantify light or reflec-
tance levels. This is particularly important if it can be simulta-
neously achieved in different spectral or color bands. Ocean
color sensors are designed to pick up and quantify the different
color components of light reflected from the ocean. This light
contains a mixture of light reflected from the surface and from
within the water body. The light returning from within the water
body contained the information required for this research.
An analysis of the remote sensing techniques available to
the project and the research modeling requirements led to the
definition of four functions for remote sensing:
(1) CHL monitoring to validate model predictions;
(2) Dye plume monitoring to validate performance of hydro-
dynamic and transport models;
(3) High and low water boundary mapping to validate
bathymetric model;
(4) Shoreline imaging as a reference database for land use and
change detection.
In-water reflectance (R) was used to determine CHL con-
centrations. R is dependent on the absorption and back-scat-
tering coefficients of water. In any small region of the
reflectance spectrum (e.g., over about 40 nm), any substantial
change in R can be solely attributed to the absorptioncharacteristics of CHL, as opposed to back-scattering, and as
per Walsh (1998) it can therefore be shown that
1
RðlÞfaðlÞ ð1Þ
where a is the absorption coefficient of the water, and l is the
wavelength. Cork Harbour, which was used as a case in this
study, was overflown in predetermined flight lines (identified
from preliminary model results) and, using Eq. (1), the
collected reflectance data were used to compute spatial dis-
tributions of CHL in the upper 2 m of the water column. This
is a unique approach to the almost simultaneous quantification
of CHL throughout a large complex water body and distri-
butions in a typical estuary can be captured in a 1-h duration
flight. Simultaneously, water samples were collected from a
large number of sites throughout the estuary using conven-
tional field sampling and tested for CHL levels.
The spatial mapping requirements of the research were
addressed using both color and monochromatic video imaging.
The latter system was configured with suitable filters to
enhance the dye plume imaging and the watereland interface.
The remote sensing techniques to support the various research
aspects of this project are presented in Table 1.2.3. Description of Cork HarbourCork Harbour (see Fig. 3) is relatively deep and long
(17.72 km), with a large surface area (85.85 km2), draining a
large freshwater catchment (1 860 km2). It is a macro-tidal
harbor with a typical spring tide range of 4.2 m at the entrance
to the harbor. At low water, extensive areas of mud-flats and
sand-flats are exposed in the harbor. These mudflats and the
saltmarsh areas in the harbor are important ecosystems for
birds. Cork Harbour was designated a Special Protection Area
(SPA) under the 1979 Wildbirds Directive (79/409/EEC).
The level of industrialization in the harbor is amongst the
highest in estuarine areas in Ireland. In addition to the industrial
effluents from these industries, the harbor receives municipal
sewage discharges and a variety of waste transported seaward
by the Lee River. The bulk of the municipal and licensed in-
dustrial waste discharged into the estuary and harbor waters is
non-toxic, biodegradable organic matter. However, at the time
the research was conducted, the water quality in the Lee Es-
tuary immediately below Cork City was poor due to the
discharge of untreated sewage. High levels of algae have been
recorded in the North Channel. This is due to high levels of
both domestic and agriculturally derived nutrients discharged
Fig. 4. Field sampling sites.
Fig. 3. Location map of Cork Harbour and rivers.
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characteristics. The quality recovers somewhat across Lough
Mahon so that, while the average quality in Passage West is
reasonable, some unsatisfactory levels can be found, princi-
pally at low tide. The water quality continues to improve from
Black Point towards the mouth of the harbor.
Of considerable importance to the understanding of thewater
quality in the harbor are the riverine discharges (41 m3/s annu-
ally). These discharges have significant effects on salinity dis-
tributions and flushing times within the harbor and their nutrient
loads, resulting from the intensive agriculture in the hinterlands,
have significant consequences for primary production.
Many studies have been undertaken on the water quality of
Cork Harbour, for example, O'Sullivan (1977). Generally, the
areas in the harbor that suffered most from low DO concen-
tration and high BOD, phosphorus, ammonia, and nitrate
concentrations were the inner estuary and the Lough Mahon
area (see Fig. 3). Toxic phytoplankton species have also been
recorded in Cork Harbour, e.g. Petersen et al. (1999) and
O'Boyle and McDermott (2014).
Although considerable water quality data were available for
Cork Harbour, from a modeling perspective there were sig-
nificant spatial and temporal gaps in the data. For example, the
majority of data had been collected during the summer and
autumn months, with gaps in winter data. Winter data, when
biological activity is at its minimum, give a good estimate of
baseline nutrient levels within the area and are thus important.
It was therefore necessary during this research to conduct
additional field surveys to supplement existing datasets.
3. Cork Harbor case study3.1. Field measurementFig. 5. Delineation of catchments and quality of flow data within them.A set of sampling sites were established for the project; their
locations were based on initial model runs and on the locations
of pre-existing Irish Environmental Protection Agency (EPA)
sites so that new data could be compared with previous data.
Additional sites were added in inner Cork Harbour, where highlevels of nutrients occurred and more detailed data were
required. Fig. 4 presents the locations of the sampling sites.
Sampling was undertaken over a tidal cycle on all dates.
Sampling was more frequent during the summer months,
although samples were collected throughout the year to take
account of seasonal variation. In total, 338 nutrient samples
were taken to assist with model development. Data were used to
provide boundary conditions of both river and sea fluxes and to
provide initial conditions throughout the domain of the model.
Data were also collated from outfall operators to determine
point source loads from industrial and domestic discharges.3.2. Estimation of freshwater runoffThe hinterland draining into Cork Harbour consists pri-
marily of agricultural lands. Thus, the determination of flows
and associated nutrient loads from the riverine inputs into
Cork Harbour was significant. The principal rivers discharging
into Cork Harbour are the Lee River, Ownacurra River,
Owenboy River, and Glashaboy River, with associated annual
average flows of 27, 1.8, 3.8, and 3 m3/s, respectively. Fig. 5
delineates the catchments of these rivers.
Daily flows were recorded by the EPA for the Lee and
Owenboy rivers. However, runoff from other sections of the
freshwater catchment area was not recorded. Fig. 5 delineates
the areas that have high-quality flow data and the areas where
flow measurements are sparse. The areas with poor-quality
Fig. 7. Analysis of catchment nutrient load data.
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the areas adjacent to each estuary, where runoff pathways are
not apparent from mapping. In the first instance, flow rates for
these ungauged areas were estimated using long-term rainfall
and evaporation data (from the period of 1960e1990) from
Met Eireann (the Irish meteorological service, www.met.ie).
Monthly mean rainfall and evaporation values from a network
of gauging sites were converted into area-based estimates
utilizing point data interpolation techniques within the
research GIS facility. Values produced by this method were
compared against measured flow in a series of catchments.
Whereas the gross annual estimates of flows were within 10%
of measured annual flows, the distribution of runoff on a
monthly basis was less satisfactory. Therefore, estimates for
the ungauged catchments were derived from the computation
of a unit area-based runoff rate from adjacent catchments
where flow was gauged and applied to the ungauged catch-
ments based on relative areas. Fig. 6 presents the average
monthly flows for each of the four main rivers.3.3. Nutrient boundary and initial conditionsFrom two particular aspects the field data were invaluable
in developing the water quality model. Firstly, models required
boundary conditions of fluxes of water quality parameters;
these were estimated from the field data. Secondly, during
model development it was decided for computational effi-
ciency not to begin model simulations with unpolluted or
clean water, but rather to specify a concentration for each
water quality parameter at each model cell through the use of
water quality parameter initial grids. This is a data assimila-
tion approach (direct insertion) used in many atmospheric and
oceanographic modeling activities.
3.3.1. Water quality flux boundary conditions
Boundary fluxes are seasonal. Hence, sampling rates varied
between months and years. Boundary conditions for marine
nutrient fluxes of material into Cork Harbour from the Celtic
Sea were measured at the entrance to the harbor during flood
tides. Freshwater boundary conditions of nutrient fluxes were
obtained by sampling at each of the four main rivers dis-
charging into the harbor (Costello et al., 2001). It is seen in
Fig. 6 that the Lee River is the dominant freshwater discharge
into the harbor. Fig. 7 presents a plan view of the catchmentsFig. 6. Mean monthly flows for four main rivers.of each of the four rivers and shows details of the quality of the
nutrient input data that were collected during the project. The
quality of the data of the nutrient loads varied throughout the
river catchment; for some parts of a catchment there were no
data, for some parts data was considered reasonable, and for
some parts the data were considered good. The classification
of reasonable and good was based on the spatial and temporal
data resolutions as defined by Costello et al. (2001). It is seen
in Fig. 7 that there were good data available for the main river,
the Lee River. As most of the hinterland drained by all rivers
had similar land uses, namely dairy farming, one data set of
nutrient loads was devised based on the data for the Lee River
catchment and applied to all rivers.
From the measured data, average monthly values were
derived formarine and freshwater water quality parameters; this
provided the model with monthly averaged fluxes at the
boundaries. Data collected during this project were added to
existing EPA data and analyzed to provide estimates of monthly
nutrient fluxes into Cork Harbour from the Celtic Sea and the
rivers (see Table 2). In some cases, mainly because of the
limited winter data, no seasonal trends could be fitted for a
variable; in these situations a single mean value for the variable
was determined.Mean values are presented in Table 3. In Tables
2 and 3, TN, TON, TP, SRP, and TAN represent total nitrogen,
total organic nitrogen, total phosphorus, soluble reactive
phosphorus, and total ammoniacial nitrogen, respectively.
The mean monthly flows for the four main rivers are pre-
sented in Fig. 6; the mean monthly loads of TN and TP to the
harbor during the year 2000 are presented in Fig. 8. Table 4
presents the monthly inputs of TN and TP into the harbor from
the four rivers and the monthly averaged variations in TN and
TP concentrations in the seawater at the boundary of the
domain during the year 2000. It was estimated that the ratio of
the annual average concentrations of TN in seawater to TN in
freshwater was approximately 10%; seawater provides base-
line levels of nutrients in the harbor. Freshwater values of TN
and TP are much larger in winter months than summer
months. However, algal blooms are not problematic at this
time of year due to the limiting conditions of light and
temperature.
3.3.2. Initial grids
By specifying initial values of water quality parameters at
each grid point within a model domain, run times were
reduced by approximately 50%. Also, more accurate results
Table 3
Overall average values for freshwater and marine variables in Cork
Harbour where no seasonal cycle could be derived.
Item BOD
(mg/L)
SRP
(mg/L)
TP
(mg/L)
TAN
(mg/L)
TON
(mg/L)
TN
(mg/L)
Freshwater mean 2.213 0.048 0.075 0.088 3.106 4.619
Marine mean 1.884 0.015 0.031 0.018 0.182 0.354
Table 2
Seasonal cycles derived from freshwater and marine samples taken from Cork Harbour and from existing EPA data.
Month Freshwater Marine
CHL (mg/m3) Temperature (C) TN (mg/L) TON (mg/L) TP (mg/L) SRP (mg/L) CHL (mg/m3) Temperature (C)
Jan. 6.891 9.37 0.350 0.322 0.039 0.023 1.721 8.58
Feb. 6.413 10.14 0.457 0.300 0.034 0.022 2.421 9.31
Mar. 5.146 11.49 0.537 0.248 0.028 0.019 3.870 10.59
Apr. 3.763 13.04 0.565 0.182 0.023 0.015 6.209 12.08
May 2.717 14.39 0.546 0.117 0.020 0.011 8.854 13.36
Jun. 2.110 15.17 0.472 0.070 0.020 0.007 10.267 14.10
Jul. 1.886 15.16 0.368 0.055 0.023 0.006 9.334 14.10
Aug. 1.999 14.38 0.260 0.075 0.028 0.007 6.811 13.36
Sep. 2.474 13.06 0.176 0.124 0.034 0.010 4.315 12.09
Oct. 3.377 11.50 0.139 0.130 0.039 0.014 2.667 10.61
Nov. 4.682 10.15 0.158 0.256 0.042 0.018 1.825 9.32
Dec. 6.059 9.37 0.228 0.305 0.043 0.022 1.532 8.58
Table 4
Monthly averaged freshwater loads and seawater concentrations of
TN and TP for 2000.
Month Monthly freshwater loads Monthly seawater concentrations
TN (t) TP (t) TN (mg/L) TP (mg/L)
Jan. 1 006.6 163.4 0.350 0.039
Feb. 935.6 151.9 0.457 0.034
Mar. 613.4 99.6 0.537 0.028
Apr. 458.9 74.5 0.565 0.023
May 237.7 38.6 0.546 0.020
Jun. 141.6 23.0 0.472 0.020
Jul. 109.5 17.7 0.368 0.023
Aug. 97.3 15.8 0.260 0.028
Sep. 144.6 23.4 0.176 0.034
Oct. 290.3 47.1 0.139 0.039
Nov. 613.2 99.5 0.158 0.042
Dec. 722.4 117.3 0.228 0.043
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water quality parameters and salinity. Biological uptake and
release of nutrients are minimal in winter. Hence, January was
taken as the start time of the model; the initial nutrient grids
were developed from the water quality datasets collected
during January. The model was developed on a grid of
30 m  30 m cells. However, initial water quality data were
only available for selected sampling stations at a few model
grid points. This presented a problem, as the model requiresFig. 8. Mean monthly inputs of TN and TP to Cork Harbour in 2000.initial values of water quality variables for each grid cell.
Many of these variables are strongly correlated with salinity.
Hence, relationships between water quality parameters and
salinity were used to extrapolate values from field measure-
ments to the entire harbor. Table 5 presents the relationships
that were developed between all measured variables (except
CHL) and salinity for January 1999. All regressions were
significant at the 5% level. No persistent trends in outliers
were observed. The determination coefficients (r2) for these
relationships are also presented. The mean concentration of
CHL was 2.311, and no relationships were found between
CHL and salinity.Table 5
Relationships between variables and salinity.
Water quality
parameter
Relationship between water quality
parameter y and salinity x
r2 (%)
BOD y ¼ 3.17e0.076x 32
TN y ¼ 5.36e0.145x 97
TAN y ¼ 0.335e0.007 42x 28
TON y ¼ 4.41e0.127x 99
DO y ¼ 10.67 þ 0.202x þ 0.005 24x2 42
TP y ¼ 0.173e0.003 75x 43
SRP y ¼ 0.099 2e0.002 14x 52
16 Michael Hartnett, Stephen Nash / Water Science and Engineering 2015, 8(1): 9e19The solute transport module of the water quality model was
used to predict salinity distributions throughout the harbor. An
extensive calibration/validation of the salinity model was
carried out during the project. Details of salinity modeling and
comparisons between modelled and measured salinity levels
are presented in Nash et al. (2010). Initial salinity values for
each grid point in the estuary were predicted using the vali-
dated solute transport model. Then, initial values of water
quality parameters at each grid point were computed using the
salinity at the grid point and the water quality-salinity re-
lationships given in Table 5. The average value for CHL was
used as an initial value throughout the model; this appeared
reasonable for a winter value. As an example, a plot of the
initial grid for orthophosphates is presented in Fig. 9. The use
of field data to specify initial water quality parameters in the
model demonstrates the strong synergy between modeling and
field data.3.4. Industrial and domestic nutrient inputs to Cork
HarbourDischarge data were available for 26 companies that
discharge directly into the harbor. The composition of these
industrial discharges and associated flow rates are available in
Costello et al. (2001). Fig. 8 shows the monthly contributions
from industrial and domestic sources of TN and TP. Many
smaller industries discharge to the public sewer system and
were thus included within the sewage discharges. Treated
domestic waste is discharged to the harbor through nine
wastewater treatment plants. In some cases, multiple sources
discharged through the same outfall, and in such instances the
inputs were added together. Thus, the number of outfalls is
less than the sum of the industrial and domestic discharges.3.5. Light attenuation coefficientsA key factor in the growth of phytoplankton is light
availability (Hartnett and Nash, 2004). When the authors
initially developed the water quality model of Cork Harbour,Fig. 9. Initial grid for orthophosphate concentration.light attenuation coefficients were chosen from literature
sources. However, it has been shown in other research carried
out by Hartnett and Nash (2004) that model predictions of
CHL using these values were not close to measured data.
Thus, it was necessary to develop a new site-specific expres-
sion for the light attenuation coefficient that would be used in
the water quality model.
Due to high levels of suspended solids, estuaries typically
have relatively low light availability compared to open sea or
lake conditions. Secchi disk measurements were taken to
determine transparency for the waters of Cork Harbour. These
measurements were converted from transparency readings to
light attenuation coefficients using Walker (1980):
KA ¼ 1:45=Dsd ð2Þ
where KA (m
1) is the light attenuation coefficient and Dsd (m)
is the Secchi disk depth.
During the fieldwork, simultaneous measurements of CHL,
sediment concentrations, and Secchi disk readings were taken.
These data and Eq. (2) allowed the following relationship of
light attenuation as a function of CHL concentration (CCHL) to
be derived:
KA ¼ 0:790 12þ 0:004 296 CCHL ð3Þ
The above coefficient includes the constant effect of sedi-
ment and the variation with respect to CCHL. It represents a
feedback system based on the current prediction of CCHL
being used to revise the light attenuation coefficient value for
the prediction at the next computational time step. This
approach provides the model with a light attenuation coeffi-
cient that varies both spatially and temporally with CHL; this
is highly significant as CHL varies highly with seasons and
also with locations throughout Cork Harbour. In Nash et al.
(2010) results are presented for predictions of CHL using the
above light attenuation coefficient and values from literature.
It is shown that the above formulation greatly improves model
predictions.
Light intensity, photoperiod, and temperature are all sig-
nificant factors affecting phytoplankton growth. The model
includes the variations in these throughout the annual cycle.3.6. Remote sensing resultsThe most novel aspect of the remote sensing was its use to
detect CHL distributions in the surface waters of Cork Harbour.
Fig. 10 shows examples of reflectance spectra from Cork
Harbour, Wexford Harbour, and three typical Irish lakes for
comparison. The gross notable feature is the brightness of the
reflectance over Wexford Harbour. Here, the additional sedi-
ment in the water causes a high value of backscatter and
therefore relatively higher reflectance at all wavelengths.
However, the shape of the reflectance versus wavelength is
quite similar for both Cork Harbour and Wexford Harbour,
indicating that the remote sensing unit is detecting similar light.
From field measurements the main features of the spectral
functions are (1) absorption due to dissolved organic matter
Fig. 10. Typical reflectance spectra for estuaries and lakes.
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pure water causing a decrease from 580 to 620 nm; (3) chlo-
rophyll absorption feature around 674 nm; and (4) main ab-
sorption by water itself centered around 740 nm. All of the
above features are observed in each of the records presented in
Fig. 10.
The results of the shoreline imaging were used in the
construction of the model to develop a more accurate geo-
metric model of Cork Harbour than was possible from using
the published Admiralty Charts. These photographic data were
also used to assess adjacent land uses. The imaging data were
collected simultaneously with the CHL data, leading to a
considerable saving in both time and costs. Fig. 11 presents
the results of the remotely sensed CHL in the surface waters of
Cork Harbour. The results present a highly spatially resolved
image of the almost instantaneous distributions of CHL
throughout the domain.
4. Discussion
Toxic dinoflagellates prevail in Cork Harbour during sum-
mer, indicating that the estuary is eutrophic (O'Boyle and
McDermott, 2014). The bloom is generally limited to the inner
estuary, leading to deoxygenation in deeper waters. Also, the
bloom moves up and down the estuary with the tide.Fig. 11. Remotely sensed CHL values for surface waters.Analysis of salinity measurements illustrates some of
the important mechanisms that prevail and lead to water
quality issues in Cork Harbour. Fig. 12 shows comparisons of
averaged measured salinity values at high and low tides taken
during November and July. The measurements were taken at
the locations shown in Fig. 4; as expected, the salinity values
in July are higher than the corresponding values in November.
It can also be seen that the influences of the seawater, and
hence its constituents, decrease with the distance from the
open sea boundary of the Celtic Sea. Thus, water quality is-
sues are dominated by major discharges located in the vicinity
of Cork City and Lough Mahon, and by poor ambient flushing
(Nash et al., 2010). It is observed from Fig. 12 that there is a
relatively steep salinity gradient, particularly for low tide in
July, between points C4 and C7, which indicates that Lough
Mahon behaves as a distinct sub-region within Cork Harbour;
flushing studies support this argument (see Nash et al., 2010).
It is shown that, during November, there is relatively little
difference between the salinity at low and high tides at points
C4 and C7; this implies that there is little tidal flushing in
Lough Mahon during the winter. However, during November
material is flushed through Lough Mahon primarily due to the
large freshwater inputs from the Lee River. During July,
salinity values at low tide show that freshwater inputs are
significant. However, the salinity gradient at low tide shows
that the freshwater influence prevails only as far as point C7.
Beyond this point, the salinity gradient is quite shallow. This
illustrates that during the summer there is very little transport
of material out of Lough Mahon into the Cork Harbour region.
This contrasts sharply with the situation in November when
the salinity gradient is relatively uniform between all points
during low tide. From the salinity measurements it is clear
that, during the critical summer period for water quality,
flushing is limited, suggesting that the Lough Mahon regionFig. 12. Measured salinity at high and low tides in July and November.
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collection and all loads entering the harbor can be obtained
from Costello et al. (2001).
Fundamental to the development of a water quality man-
agement model is the specification of nutrient loads from
various sources. It is worth analyzing nitrogen and phosphorus
loads into Cork Harbour over-and-above the baseline marine
inputs. Fig. 8 presents TN and TP loads from freshwater, in-
dustrial, and domestic sources. TN loads derived from fresh-
water during January to April and during November to
December are significantly higher than other sources; these
high riverine nitrogen loads occur during times of relatively
low biological activity. It is seen that riverine contributions to
phosphorous loads are relatively small and that there is much
less inter-annual variability relative to nitrogen inputs. It is
highly likely that the water quality problems alluded to above
are primarily due to industrial and domestic sources. From a
water quality management perspective the locations of nutrient
sources are very important; considering that during highly
productive times of a year considerable amounts of nutrients
are derived from point-source outfalls rather than from agri-
cultural sources, water quality issues may be addressed by
providing nutrient removal processes in treatment works. If
industrial and domestic phosphorous levels were reduced,
primary production within the water body would then be
significantly phosphorous limited.
Current and tidal measurements, airborne remote sensing,
and other field data were collected to develop an accurate
model. The field campaign was strongly influenced by model
data requirements, both spatially and temporally. Water sam-
ples were collected over different years, months, and states of
the tide. The field data were analyzed and a number of
extremely important results ensued. Firstly, relationships be-
tween various water quality parameters and salinity were
derived. From these relationships initial conditions for the
model were postulated. Initial salinity fields were computed
throughout the domain using the model. From salinity values,
spatially varied initial conditions for the water quality pa-
rameters were developed. This enabled the model to spin up
quicker and to nudge forward to more correct solutions
through data assimilation. Secondly, the simultaneous Secchi
disk readings and measurements of CHL were used to develop
a relationship between the two which was subsequently used in
the model to construct a feedback mechanism for improved
light conditions within the sub-module controlling the growth
of CHL. The remote sensing data were extremely useful in
efficiently detecting semi-synoptic CHL values throughout the
domain. Data from remote sensing were used to construct
model geometry and were very useful when model results were
being analyzed (Nash et al., 2010). This aspect of the research
was very successful and the results suggest that this technology
should be widely used in future water quality studies.
5. Conclusions
This research presents a methodology for water quality
management where the integration of conventional fieldsurveying, remote sensing, and modeling is key, with one stage
being used to inform the other. Nash et al. (2010) show that
models based on this methodology are well behaved and can
be used for practical estuarine management. Here, the meth-
odology has been applied to algal blooms in estuaries. How-
ever, it can be also used in modeling other aqueous systems
such as rivers and lakes, and in studying other water quality
parameters such as sediments, heavy metals, toxic chemicals,
and pathogens. The approach has widespread applicability in
implementing the EU Water Framework Directive, with
consequential benefits for society in general.
Many modeling studies lack adequate data to provide initial
and boundary conditions for hydrodynamic and water quality
parameters, resulting in inaccurate and computationally
expensive models. The integration of measurement and
modeling, particularly at the design stage, helps address these
data issues. Initial scenario modeling was instrumental in
identifying suitable monitoring locations and the most sig-
nificant data gaps to be targeted in the field campaign. The
development of initial water quality grids using relationships
between salinity and water quality parameters derived from
field data resulted in a 50% reduction in computational cost
due to the elimination of spin up time. Detailed data assimi-
lation of water quality parameters into models as performed in
this research is innovative and had major effects on model run
times and model accuracy.
The Cork Harbour case study has shown that a 1-h flight
time in a light aircraft and relatively inexpensive image cap-
ture equipment can enable production of a map of nearly-
instantaneous CHL spatial distributions across a complex es-
tuary. The authors have not seen this approach to water quality
monitoring before; the maps developed from this approach are
extremely valuable data for model validation. The authors
recommend that remote sensing of this nature should be used
more widely in the development and validation of models.
Based on this research, the authors recommend that the
number of transect lines be increased to provide higher spatial
resolution and that, ideally, data be captured every hour over a
full tidal cycle. Further, elements of the remote sensing
campaign, such as flight paths and timing, should be informed
by output from early-stage model simulation results. In
particular, flushing studies should be used to inform remote
sensing campaigns since poorly flushed waters are likely to be
more prone to eutrophication due to build-up of nutrients.
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